The world has experienced urban changes rapidly, and this phenomenon encourages authors to contribute to the United Nations sustainable development goals (SDGs) 2030 and geospatial information. This study presents a proposed algorithm of change detection and extracting the borders of buildings. This proposed algorithm provides a set of instructions to describe the method of solving the problem of how extracting the boundary of buildings from the light detection and ranging (LiDAR) input data incorporating with the firefly and ant colony algorithms. The method has used two different epochs to compare buildings and to identify the type of changes in selected buildings. These changes are based on the newly built or demolished buildings. We also used drone images and mask the region-based convolutional neural network (R-CNN) method to compare the results of roof extraction of buildings vs. the proposed algorithm. This study shows that the proposed algorithm identifies the changes of all buildings with higher accuracy of extracting border of buildings than the existing methods, successfully. This study also determines that the amount of root mean square error (RMSE) is 2.40 m 2 when we use LiDAR. This proposed algorithm contributes to identifying rapidly changed buildings, and it is helpful for global geospatial information of urban management that can add best practice and solution toward the UN SDGs connectivity dilemma of urban settlement, resilience, and sustainability.
Introduction
The future trends in geospatial information management have a great impact on urban development and changes. The role of geospatial information such as airborne light detection and ranging (LiDAR) point clouds in measuring and monitoring changes can support the 2030 agenda for sustainable development. Therefore, this study attempted to implement the use of point clouds in 3D change detection (CD) of buildings that ultimately benefits research toward a contribution to the 2030 agenda for sustainable development.
Building change detection (CD) is one of the most important processes in monitoring and managing urban development. It has a wide range of applications varies from damage assessment to urban management [1] [2] [3] . Furthermore, efficient change detection is based on minimal data sources that are essential for updating changes to support time-critical applications such as disaster response and recovery [1, 4] .
Over the last few decades, many studies have used 2-dimensional (2D) space-borne and airborne remote-sensing images on large-scale problems such as urban sprawl, forest monitoring, and natural hazards [5] [6] [7] . Although the aerial imagery has been employed for map compilation in updating process, it has been seen that the characters cause some unavoidable problems [2, 8, 9] . For instance, casting shadows to dominate in the scenes acquired with many buildings over dense urban areas, the spectral information of buildings in aerial images is diverse and ill-defined. Therefore, perspective projection causes the leaning of buildings and skyscrapers, which requires height information to correct it [2, 10, 11] . It is worth noting that the 3-dimensional (3D) geometric information reflects the physical geometry of the objects that has a great potential to improve the performance and overcome some of the restrictions of the traditional 2D image-based CD [12] .
Three-dimensional change detection has vividly more advantages in comparison to the limitations of 2D change detection for example; the 3D geometric information is free of illumination variations and perspective distortions. Despite these advantages, the major barrier to 3D change detection applications was the cost and accessibility of 3D data. Airborne LiDAR flights were usually expensive and high accuracy photogrammetric stereo measurements from airborne or space-borne images have still required manual involvement [1] [2] [3] . However, these days there is much better access to accurate 3D data. In addition, Radovic et al. (2017) studied detailed procedures and parameters for the training of convolutional neural networks (CNNs) for efficient and automated object recognition on the aerial photos. They found that the accuracy and reliability of CNNs depend on the network's training and how to select operational parameters [13] . Also, Uijlings studied recent advances in object detection [14] . It is driven by the success of region proposal methods and the region-based convolutional neural networks (R-CNNs) [14] . These region-based CNNs are computationally expensive as compared to the approach that was originally developed by Girshick [15] . They reduced the cost drastically to sharing convolutions across proposals given by Grishick and He [16, 17] .
There are some limitations and challenges in 2D image-based CD and most of them are perspective distortion, higher spectral variability, and lack of volumetric information [12] . Some methods used subtraction between two digital surface models (DSMs) in order to find change detection. The first study in building change detection was based on DSM comparisons [13, 14] . However, there are different methods for CD using airborne LiDAR data and drone images (Table 1 ). There are a lot of studies that are based on the DSMs to detect changes and they are highly dependent on the quality of the DSM [17] [18] [19] . It is worth noting that analysis of solely a dDSM (DSM (t 1 )−DSM (t 2 )) can lead to ambiguities, for example, attachments or modifications of buildings are not related to the affected buildings [20] . The motivation of the authors to apply this proposed method is because they are sensitive to misregistration and may produce some false positives for matched DSMs. Moreover, some studies are based on computing the Euclidian differences between two 3D surfaces. They are time consuming for corresponding searches and also need complicated implementation [12] .
Nevertheless, there are many weaknesses in some methods for building change detection, especially in methods based on DSMs and Euclidian differences. Therefore, this study presents the development of an algorithm of extraction of the boundary of buildings and how nDSM is generated by filtering techniques to detect changes of buildings. Furthermore, we used R-CNN for drone images classification of object detection for a selected region in China. This is because R-CNN has been attracting increasing attention for efficient, yet accurate, and visual recognition. In addition, R-CNN applies for both objection detection tasks and region proposal generation as well. Perhaps, with such a design we could detect objects much faster than other methods when we use drone images [18] . We also compared mask R-CNN with the proposed algorithm. The detected results were visually evaluated by using ortho-image produced by LiDAR surveying flights. In this method, to extract the possible new construction and demolition, a histogram thresholding was applied.
Teo and Shih 2013 [21] Proposed a method based on differential DSM (dDSM). The intersection of normalized DSM (nDSM) and dDSM was used to detect and locate the candidate changed regions. In this method, there are some errors that occurred in small and vegetation areas.
Xu et al. 2015 [22] They used a rule-based classifier combined with the point to plane distance between two epochs in order to find "changed", "unchanged", and "unknown". Eventually, they showed that the quality of the classification results will influence the quality of the CD.
Xu et al. 2015 [23] After registering and filtering, an octree is generated to store and index the irregularly LiDAR data. Then, comparing the LiDAR point clouds to find changes in building and trees.
Tran et al. 2018 [24] Used machine learning to find CD. This method used for finding changes in building, tree, and ground. However, there is not any method for extracting border of buildings.
Ren et al. 2015 [18] Region proposal network (RPN) was introduced. It shares full image convolutional features to detect objects.
Study Area and Data Used
Utah State in the USA is taken as the study area. Because of the extreme topography and different objects (such as road, car, vegetation, and buildings with different sizes) the experimental region ( Figure 1 ) is generally challenging. The airborne LiDAR data in this study was obtained from the publicly available National Science Foundation (NSF) Open Topography website [25, 26] . This material is based on services provided to the Plate Boundary Observatory (PBO) by Airborne Laser Swath Mapping from National Center for Airborne Laser Mapping (NCALM). PBO is operated by UNAVCO for Earth Scope and is supported by the National Science Foundation. Two test samples were downloaded from the NSF Open Topography website. They were obtained on 8 April 2008, and 18 October 2013, and have average point densities of 6.74 pts/m 2 and 11.93 pts/m 2 , respectively. It is worth noting that the second set of data have RGB information. This study area is large enough (it has 110 buildings), and it contains different features that are common in an urban area.
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Methodology
In this study, the airborne LiDAR data was chosen because there are some advantages such as data acquisition of large areas in a relatively short time or extensive independence of weather and lighting conditions. Although most studies have analyzed dDSM for change detection that it would lead to some ambiguities. In this study, the authors extracted buildings separately from each LiDAR dataset and have compared them with another dataset. Also, most studies such as [21] [22] [23] [24] [25] , did not have any suggestion for the border of building extraction after the change detection; however, this study provides a solution by proposing a new algorithm. The proposed method consists of five steps as shown in Figure 3 . As can be seen in this figure, the raw LiDAR point clouds are preprocessed to eliminate outliers accurately register two airborne LiDAR data, and distinguished ground and nonground points. Then, a normalized digital surface model (nDSM) was generated to extract building points after applying the height threshold accurately. Finally, by comparing the extracted buildings, the type of changes was defined, and the borders of buildings were determined. 
In this study, the airborne LiDAR data was chosen because there are some advantages such as data acquisition of large areas in a relatively short time or extensive independence of weather and lighting conditions. Although most studies have analyzed dDSM for change detection that it would lead to some ambiguities. In this study, the authors extracted buildings separately from each LiDAR dataset and have compared them with another dataset. Also, most studies such as [21] [22] [23] [24] [25] , did not have any suggestion for the border of building extraction after the change detection; however, this study provides a solution by proposing a new algorithm. The proposed method consists of five steps as shown in Figure 3 . As can be seen in this figure, the raw LiDAR point clouds are preprocessed to eliminate outliers accurately register two airborne LiDAR data, and distinguished ground and non-ground points. Then, a normalized digital surface model (nDSM) was generated to extract building points after applying the height threshold accurately. Finally, by comparing the extracted buildings, the type of changes was defined, and the borders of buildings were determined. 
Proposed Algrithm
Preprocessing
The proposed algorithm describes the instructions of the method of how extracting the boundary of buildings from the LiDAR input data incorporating with the firefly and ant colony algorithms. The first step of instruction of the method is the preprocessing. The preprocessing is implemented to remove the outliers from the data. The outliers of LiDAR data are points with abnormal elevation values, either higher or lower than the surrounding points. The outliers with high elevation values 
Proposed Algrithm
Preprocessing
The proposed algorithm describes the instructions of the method of how extracting the boundary of buildings from the LiDAR input data incorporating with the firefly and ant colony algorithms. The first step of instruction of the method is the preprocessing. The preprocessing is implemented to remove the outliers from the data. The outliers of LiDAR data are points with abnormal elevation values, either higher or lower than the surrounding points. The outliers with high elevation values Remote Sens. 2019, 11, 1272 5 of 18 which usually include random errors and result from birds or airplanes were eliminated during the filtering process because they could be assumed to be non-ground objects. While low outliers are below the surface and may be result from several times reflecting of the laser returns. These outliers may seriously affect the filtering results. Therefore, they should be removed from the data in the preprocessing step [27] [28] [29] [30] .
One of the most significant approaches for removing low outliers is to compute the vertical difference between the height of each point and the average height of its neighboring points [31] . Therefore, a local window is proposed to consider the algorithm instruction and it can be seen in Equation (1). The height of points H p i ∈ H p . i ∈ 1 . . . n are sorted by a function s.
After sorting the height of points in a local window, all of them are compared with the average height. Then, the points that are lower than the average with regards to a predefined threshold (10 m) and are potentially low outliers should be removed from the data.
The next step in the proposed algorithm instruction and the preprocessing is co-registration. The registration procedure can be done automatically or manually [21] . In this study, the initial registration is done by Cloud Compare software version 2.6.3, but because of some distinctions, manual registration is applied as well. An object with height discontinuities is not suitable for selecting a registration point; therefore, in order to process registration manually, the measurement of points on the road surface has been considered into the account [21] .
The last step from the algorithm instruction in the preprocessing is LiDAR point clouds filtering. In the digital elevation model (DEM) generation from the LiDAR data, the first step is to determine and distinguish the ground and non-ground points, a process referred to as filtering [32] . In this regard, a method based on the slope and progressive window thresholding (SPWT) has been used [29] . In this method, the non-ground points are eliminated through three main steps: (a) small window thresholding, (b) slope thresholding, and (c) large window thresholding [29] .
The SPWT algorithm is designed to work on a grid form of the LiDAR data. Therefore, the first step is re-sampling of the LiDAR point clouds into a regular grid data. Then, in a small window, the elevation difference between the candidate pixel and the minimum elevation of the local window is calculated to detect the non-ground pixels. Afterward by considering a predefined threshold value of the slope between each pixel and its neighbor pixels the non-ground pixels which have not been previously recognized are detected. The last step is the same as the aforementioned step, but it is in a larger window size. Actually, the elevation difference between the candidate pixel and the minimum elevation of the local window is calculated. If the difference value exceeds from a predefined threshold, the candidate pixel is labeled as non-ground point [29] .
The window sizes are specified from the smallest to the largest objects in the area. In addition, according to the physical characteristics of the ground surface and the size of objects, the best height threshold is selected manually. Furthermore, the slope threshold should be assigned based on the topographical condition of the area. The SPWT method selects the pixels in order from the first to the last scan line, and after finding the ground seed the algorithm iterates repeatedly for all points through the following steps to the label points as ground or non-ground.
Building Extraction
In order to extract buildings, various methods have been proposed to distinguish buildings from trees and noise [21] . One of these methods is the removal of all regions with an area smaller than the smallest building [21, 33, 34] . In other words, patches that cover small areas tend to be classified as commission errors and removed by an area threshold [21] . As a result, the boundary of the buildings in regions are enhanced and defined.
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After the filtration of the LiDAR point clouds in the algorithm instruction of the preprocessing step, the first step in building extraction is the DEM generation. For this purpose, the authors used the ground points that are remained as the post-filtering process. Therefore, it is necessary to resample gaps through an interpolation technique after removal of the non-ground points. In this study, the nearest neighbour technique has been implemented. This technique considers the elevation of the nearest point in a specified distance to the output pixel. If no point is observed in the specified distance, the pixel would be labeled as no data. Therefore, to avoid too many or no points in each grid cell, the process allows determining the size from the average point spacing of the point clouds [35] .
In the next step, when the DEM is built the process allows transmitting all objects to a smooth surface. This transmission allows generating the nDSM by implementing Equation (2) in the proposed algorithm. The nDSM is useful because objects with a high altitude such as buildings and trees can be recognized through an appropriate threshold; also, with a decent filtering method, the topography does not have an adverse effect on it. Indeed, the nDSM was generated to describe the above-ground height information [21, 36] .
Change Detection (CD)
Change detection in an urban area is mostly classified as "changed" or "unchanged." However, because of using LiDAR point clouds there is an opportunity for detecting changes in height. In other words, not only 2D change detection such as newly built and/or demolished building can be detected, but also detecting changes in height (e.g., converting a two-story building to three floors) is possible.
In this study, after recognition of the building regions from the LiDAR data in two different time epochs in the same area, the buildings from each epoch of time are compared with other buildings from another dataset. In fact, the authors have seen that the "changed-buildings" are buildings that have a different shape in two periods-the "newly built" divided into two categories: (1) newly built from existing building to building, (2) newly built from non-building to building [21] . The newly built from existing building to building represents the fact that an old building was destroyed in the past and replaced with a new building in the latter period. The newly built from non-building to building means a new building is established that has not existed before.
It is worth noting that all characteristics of changes are defined by comparing the attributes of the regions. If the regions in the past period do not have corresponding regions in the latter time period, these regions can be defined as demolished buildings. Conversely, regions in the latter period that do not have corresponding regions in the past period are defined as newly built. It has been clearly seen that the newly built buildings are vividly shown by large changes in an area. Nevertheless, this study was compared the regions as buildings separation to find the type of changes. Finally, the borders of buildings are detected and the changed-buildings are determined.
Extraction of Building Boundary: Incorporating with Firefly and Ant Colony Algorithms
After finding patches as building regions, a rectangle or some rectangles are fitted to each building. For this purpose, buildings are assumed that have a vertical corner. In this study, borders of buildings are extracted incorporating with the firefly and ant colony algorithms. In addition, the proposed algorithm has been compared with the borders of buildings that were extracted manually by using ArcGIS software version 10.2. The following explains incorporation of the firefly and ant colony algorithm concepts within the proposed algorithm.
Firefly Algorithm
The firefly algorithm is based on the flashing patterns and behavior of fireflies. This algorithm is based on the movement and it continues to fit the best shape on the data. The movement of a firefly i is attracted to another more attractive or brighter firefly j is determined by Equation (3) [37] .
where, the second term is because of the attraction. The third term is randomization with α t being the randomization parameter, and the last term (ε t i ) is a vector of random numbers drawn from a Gaussian distribution or uniform distribution at time t [31] . In Equation (3), the variation of attractiveness β is defined with the distance r, and β 0 is the attractiveness at r = 0. Also, if γ = 0, it reduces to a variant of particle swarm optimization. The firefly algorithm needs a target function to fit rectangle on building region. Here, the target function is based on Equation (4).
where, A is the total pixels in each rectangle and B are the total pixels that belong to each region of the building. Also, the target function (Q) should reach the lowest possible value. In order to fit the best rectangle on each region, the firefly algorithm is incorporated in the proposed method to determine five parameters including the position of one of the building corners (X, Y), the size of the sides (large and small sides), and rectangular. These parameters are considered as input to the algorithm. The steps to find the rectangles of the building continue to the number of pixels remaining from the building region and to be less than a certain amount.
Ant Colony Algorithm
After fitting rectangles on each region of the building, the final border of the building should be determined. In this study, the authors incorporated the ant colony algorithm and also considered a solution based on the traveling salesman problem (TSP). The objective of solving the traveling salesman problem is finding the path that the seller can handle all cities in the shortest possible path [38] . Therefore, in this problem, the shortest path that passes the sides of the rectangles should be determined as the border of the building. In Figure 4 , the shortest path that passes the sides of three rectangles is shown by green color. Gaussian distribution or uniform distribution at time t [31] . In equation (3), the variation of attractiveness is defined with the distance , and is the attractiveness at r = 0. Also, if γ = 0, it reduces to a variant of particle swarm optimization. The firefly algorithm needs a target function to fit rectangle on building region. Here, the target function is based on Equation (4).
Where, A is the total pixels in each rectangle and B are the total pixels that belong to each region of the building. Also, the target function (Q) should reach the lowest possible value. In order to fit the best rectangle on each region, the firefly algorithm is incorporated in the proposed method to determine five parameters including the position of one of the building corners (X, Y), the size of the sides (large and small sides), and rectangular. These parameters are considered as input to the algorithm. The steps to find the rectangles of the building continue to the number of pixels remaining from the building region and to be less than a certain amount.
After fitting rectangles on each region of the building, the final border of the building should be determined. In this study, the authors incorporated the ant colony algorithm and also considered a solution based on the traveling salesman problem (TSP). The objective of solving the traveling salesman problem is finding the path that the seller can handle all cities in the shortest possible path [38] . Therefore, in this problem, the shortest path that passes the sides of the rectangles should be determined as the border of the building. In Figure 4 , the shortest path that passes the sides of three rectangles is shown by green color. One of the best algorithms for this problem is the ant colony algorithm. This algorithm is based on ants' behavior in nature for finding food with the shortest path to their nest. They do this work by exploiting pheromone information, without using visual cues [39] . The amount of pheromone that ants put from themselves on the ground depends on the better path. The best path in the ant colony algorithm is usually the shortest path [40] . The ant colony algorithm is based on Equation (5).
Where, τ is the pheromone and for each ant , ( ‚ ) is the probability of moving from state i to another state j. Also, α, β are used to establish the relative influence of η versus τ. In addition, Tabu is the list of forbidden paths, and the ants should not move on these paths. In this study, the ant colony algorithm is incorporated in the proposed method to finding the shortest path based on points behind in direction of the rectangle. To resolve the issue, the cost function is the smallest polygon or the shortest path. The distance between points after applying the above constraint can be achieved from Equation (6). One of the best algorithms for this problem is the ant colony algorithm. This algorithm is based on ants' behavior in nature for finding food with the shortest path to their nest. They do this work by exploiting pheromone information, without using visual cues [39] . The amount of pheromone that ants put from themselves on the ground depends on the better path. The best path in the ant colony algorithm is usually the shortest path [40] . The ant colony algorithm is based on Equation (5).
where, τ is the pheromone and for each ant K, P k (i, j) is the probability of moving from state i to another state j. Also, α, β are used to establish the relative influence of η versus τ. In addition, Tabu is the list of forbidden paths, and the ants should not move on these paths. In this study, the ant colony algorithm is incorporated in the proposed method to finding the shortest path based on points behind in direction of the rectangle. To resolve the issue, the cost function is the smallest polygon or the shortest path. The distance between points after applying the above constraint can be achieved from Equation (6) .
In Equation (6), D is the distance between two points and should be the minimum amount. Also, d ij is Euclidean distance, and as it can be seen from Equation (7), ∆a must be the least value. In Equation (7), a l is the slope of the large side in the larger rectangle which is located on the building, and a s is the slope of the small side in the same rectangle. Ultimately, after implementing this algorithm, buildings that are collections of several rectangles, appear as an integrated polygon.
Mask Region-Based Convolutional Neural Network (R-CNN)
He [41] studied the Mask R-CNN by adding a branch for predicting segmentation masks on each region of interest (RoI), so that the result is able to achieve the pixel-to-pixel manner between network inputs and outputs. The mask branch is based on the bounding box detected by faster R-CNN, which is a small FCN in order to predict a segmentation mask. He also introduced the RoI align to fix the misalignment, which could improve mask accuracy. By combining the faster R-CNN the result performed good on the segmentation and classification for building roof detection [18] .
The images were taken by a drone for particular buildings and the R-CNN method was applied to extract the bounding box and to mask the rectangle of the buildings. Figure 5a shows the bounding box mask building area and it is more precisely than the actual extracted rectangle bounding box of the building. It means that we get polygon from the mask area when the mask R-CNN is used. A reference of training dataset was used for validating the outcomes from the R-CNN method on the drone images. The mask R-CNN result was also validated from the ground truth data. Then we compared the bounding box results extracted from the LiDAR point cloud and the drone images. Figure 5b depicts the bounding box extracted from the LiDAR point cloud by using the proposed algorithm. In Equation (6) , is the distance between two points and should be the minimum amount. Also, is Euclidean distance, and as it can be seen from Equation (7), must be the least value. In Equation (7), is the slope of the large side in the larger rectangle which is located on the building, and is the slope of the small side in the same rectangle. Ultimately, after implementing this algorithm, buildings that are collections of several rectangles, appear as an integrated polygon.
The images were taken by a drone for particular buildings and the R-CNN method was applied to extract the bounding box and to mask the rectangle of the buildings. Figure 5 (a) shows the bounding box mask building area and it is more precisely than the actual extracted rectangle bounding box of the building. It means that we get polygon from the mask area when the mask R-CNN is used. A reference of training dataset was used for validating the outcomes from the R-CNN method on the drone images. The mask R-CNN result was also validated from the ground truth data. Then we compared the bounding box results extracted from the LiDAR point cloud and the drone images. Figure 5 (b) depicts the bounding box extracted from the LiDAR point cloud by using the proposed algorithm. 
Results and Discussion
In this study, a notebook with Intel Core i7 quad-core processor with 8 GB RAM is used. The proposed method is implemented in MATLAB R2015 on the Windows 10 operating system.
The basis of this research is on building extraction from each LiDAR dataset and comparing them in identifying the changes. In the preprocessing step from the proposed algorithm, a local window with a size of 10 m was considered. All points in this window were compared to the average height for the given window and those points that were lower than the average with regards to a predefined threshold (10 m) were low outliers and removed from the data.
It is worth noting that two datasets were almost registered and Cloud Compare software was used for having better registration. Furthermore, because of some distinctions, 6 points from the corner of some buildings were used for manual processing and finally to register the points. The 
The basis of this research is on building extraction from each LiDAR dataset and comparing them in identifying the changes. In the preprocessing step from the proposed algorithm, a local window with a size of 10 m was considered. All points in this window were compared to the average height for Remote Sens. 2019, 11, 1272 9 of 18 the given window and those points that were lower than the average with regards to a predefined threshold (10 m) were low outliers and removed from the data.
It is worth noting that two datasets were almost registered and Cloud Compare software was used for having better registration. Furthermore, because of some distinctions, 6 points from the corner of some buildings were used for manual processing and finally to register the points. The SPWT method was applied for LiDAR point cloud filtering after the LiDAR datasets (0.5 m as pixel size) registration process. This study indicated the values in the SPWT algorithm for filtering the LiDAR data. Table 2 summarizes the applied parameters in testing the algorithm. This study resulted in determining and separating the ground and non-ground points and to generate a DEM. The nearest neighbor interpolation algorithm has also filled the gaps in creating a DEM and nDSM. This study showed that by subtracting the DSM and DEM (Figure 6 ), all objects can be transmitting on a smooth surface.
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In
(a) (b) This study has simulated building regions by using some rectangles to determine the border of buildings. The proposed method also showed that using 150 ant thresholds with the coefficient of 0.05 and 30 thresholds to stop the ant algorithm could possibly enhance the building boundary better than the existing methods. These thresholds are considered by test and error as well. Figure 10 illustrates the final border of the building regions that has been extracted from Figure 9 . This study has simulated building regions by using some rectangles to determine the border of buildings. The proposed method also showed that using 150 ant thresholds with the coefficient of 0.05 and 30 thresholds to stop the ant algorithm could possibly enhance the building boundary better than the existing methods. These thresholds are considered by test and error as well. Figure 10 illustrates the final border of the building regions that has been extracted from Figure 9 . As can be seen, the proposed incorporated algorithm can extract the border of buildings with higher accuracy than the existing methods (Figures 11 and 12 ). However, this study showed that the proposed method can extract the border of buildings, particularly with a vertical edge. In this study, all buildings have vertical edges. Figure 11 depicts the changes and the building with no changes. In general, the changes are related to the position of points and lines on Figure 11 . We determined the distance between two points horizontally. While, vertical distances are in height (elevation) and are measured along the vertical axis between points. As can be seen, the proposed incorporated algorithm can extract the border of buildings with higher accuracy than the existing methods (Figures 11 and 12 ). However, this study showed that the proposed method can extract the border of buildings, particularly with a vertical edge. In this study, all buildings have vertical edges. Figure 11 depicts the changes and the building with no changes. In general, the changes are related to the position of points and lines on Figure 11 . We determined the distance between two points horizontally. While, vertical distances are in height (elevation) and are measured along the vertical axis between points.
As can be seen, the proposed incorporated algorithm can extract the border of buildings with higher accuracy than the existing methods (Figures 11 and 12) . However, this study showed that the proposed method can extract the border of buildings, particularly with a vertical edge. In this study, all buildings have vertical edges. Figure 11 depicts the changes and the building with no changes. In general, the changes are related to the position of points and lines on Figure 11 . We determined the distance between two points horizontally. While, vertical distances are in height (elevation) and are measured along the vertical axis between points. In Figure 11 the borders are extracted from an image with a resolution of 0.5 m. Therefore, in order to increase accuracy in border extraction, after finding point clouds of changed-buildings, an image with a resolution of 0.1 m is generated for each of them. As a result, this study reveals that the border of building can be extracted with higher accuracy by using the proposed algorithm. Figure 12 shows point clouds and the boundary of the changed buildings.
As is clear in Figures 11 and 12 , there are 11 changed buildings recognized as the newly built building. For investigating the height of changed buildings, after recognizing point clouds of each building, their average height is evaluated. Then, due to the border extracted, the area of changed buildings can be calculated. Therefore, 3D change detection of buildings (horizontal and vertical) can be identified.
In Table 3 the average height and area of each changed building are shown. As can be seen from this table, the height of buildings is low and it is one of the challenges in this study area, especially in the LiDAR point clouds filtering step. Also, the largest changed building belongs to the third building that is 435.49 m 2 and the smallest changed building is the eleventh building that is 100.48 m 2 . In Figure 11 the borders are extracted from an image with a resolution of 0.5 m. Therefore, in order to increase accuracy in border extraction, after finding point clouds of changed-buildings, an image with a resolution of 0.1 m is generated for each of them. As a result, this study reveals that the border of building can be extracted with higher accuracy by using the proposed algorithm. Figure 12 shows point clouds and the boundary of the changed buildings. In addition to the aforementioned, we run the mask R-CNN on a clip image from the training datasets and two clips image from testing datasets. As the image was clipped from the DOM image, the results contained the marked roof area of the buildings. The building area was circled by bounding box and marked by individual color masks. The first result of the image (Figure 13a ) reveals that the mask area is well fitted to the building area in the image when we use the image training dataset.
The other two results of images (Figure 13b ,c) also fitted the building object which indicates almost 80% accuracy and the mask area of 70%. Therefore, we concluded that the mask R-CNN in the two images (Figure 13b ,c) performed with an acceptable result when we apply it for small building detection.
114.57 4.03 10 100.48 4.08 11 In addition to the aforementioned, we run the mask R-CNN on a clip image from the training datasets and two clips image from testing datasets. As the image was clipped from the DOM image, the results contained the marked roof area of the buildings. The building area was circled by bounding box and marked by individual color masks. The first result of the image (Figure 13 (a) ) reveals that the mask area is well fitted to the building area in the image when we use the image training dataset. The other two results of images (Figure 13 (b) and Figure 13 (c) ) also fitted the building object which indicates almost 80% accuracy and the mask area of 70%. Therefore, we concluded that the mask R-CNN in the two images (Figure 13 (b) and Figure 13 (c)) performed with an acceptable result when we apply it for small building detection.
(a) (b) (c) Figure 13 . Bounding box and mask area of building using the mask region-based convolutional neural network (R-CNN) method for three training dataset. (a) region 1, (b) region 2, and (c) region.
Validation of the Proposed Method and R-CNN
While, this study recommends another set of data in different urban situation with other accuracy metrics, including geometric and positional once and not only the statistical measures to validate; however, it is worth noting that the proposed method successfully identified all of the changes in buildings accurately and no building was removed in the building extraction section. Also, for evaluating the proposed algorithm in borders extraction, the borders of buildings are extracted manually by using ArcGIS software version 10.2 and compared to the proposed method.
In a geographic information system (GIS), each region that is digitized belongs to a polygon and can be separated to the vertexes. Meanwhile, the area is one of the most important attributes of these regions and can be evaluated by coordinates according to Equation 8 [36] . 
In a geographic information system (GIS), each region that is digitized belongs to a polygon and can be separated to the vertexes. Meanwhile, the area is one of the most important attributes of these regions and can be evaluated by coordinates according to Equation (8) [36] .
In addition, after extracting the border of buildings manually for comparing and evaluating the proposed algorithm in border extraction, this study used root mean square error (RMSE) based on Equation (9) . In this equation, n is the number of buildings, Si is the area of a building that calculated using the proposed algorithm, and Sj is the area of the building that manually calculated. In Table 4 , the calculated area of buildings using the proposed method and manually is shown.
As can be seen from Table 4 , the least difference for the building area is belonging to the fifth building and it is 1.21 m 2 . Also, the most significant difference is for the eighth building that is 3.83 m 2 . Meanwhile, the maximum area of building belongs to the third building and this building is one of the complex buildings that the area difference between the proposed method and ArcGIS is 2.84 m 2 . In addition, the amount of RMSE is 2.40 m 2 and, therefore, this study shows that the proposed algorithm can successfully extract the border of buildings with a higher accuracy than the existing methods.
Although in this study, a new method of extracting the border of buildings after the change detection was proposed, we assumed that the shape of buildings can simulate through some rectangles and in curved structures the accuracy of building boundary extraction may decrease. Also, an algorithm was developed for 3D change detection based on the building comparison, and it can reduce the ambiguities that are existing in methods based on the DSMs. The mask R-CNN result was validated from one image clip of training dataset and two other image clips of the testing dataset (Table 5 ). We also selected 11 buildings and calculated the area. As can be seen from Table 5 , the lowest difference for the selected building area on the drone images is 0.84 m 2 and belongs to the third building. Also, the most significant difference belongs to the fourth building which is depicted in Table 5 with 71.83 m 2 . Meanwhile, the highest area of building belongs to the first building with 65.17 m 2 difference. The RMSE is 34.50 and it is very high value, reveals that the proposed method with lower RSME is a better approach. 
Conclusions and Recommendation
Despite most previous studies being based on differences between DSMs for change detection, this study presented an algorithm for 3D change detection based on the building comparison and considered each building separately in two different LiDAR point clouds. This algorithm can reduce the ambiguity in the change detection of buildings. The study concluded that the proposed algorithm can present a set of processes to detect and classify changes in buildings in an urban area. This study also concluded that this algorithm of border extraction of building is well suited to simulate the shape of the building. The high performance of the filtering method causes removal of the adverse effect of the topography on building extraction. The experimental results revealed that the proposed algorithm can detect the changes in buildings in an acceptable conclusion. The type of changes to the buildings was also effectively determined. Moreover, the accuracy of the algorithm for border extraction of buildings was well and the amount of RMSE was just 2.40 m 2 as compared to R-CNN Therefore, this algorithm using LiDAR can be suggested for use as a successful method for change detection of buildings and extraction of borders of buildings. In future work, the authors intend to detect changes in trees and ground in urban and rural areas.
In this study, we tried to compare both LiDAR and image to determine how LiDAR and the proposed method are more efficient than the R-CNN method. Therefore, we revealed that when we use LiDAR and the proposed method, we can accomplish a better result. Although the mask R-CNN is able to come up with the building boundary, it only gives a good result for small buildings and is not able to be used for 3D model. The limits of the mask R-CNN are obvious. This study concluded that the proposed method using LiDAR point clouds may be also a more effective approach than the R-CNN method using drone images. We recommend using R-CNN method on the point clouds which can be extracted from the drone images by computer vision techniques in the future study.
